Abstract: This paper investigates the factors affecting drivers' vehicle fuel consumption efficiency, which was defined as the daily average fuel consumption for a unit of driving mileage. Based on the long-term Controller Area Network (CAN) data collected from private cars during 10 months in Toyota City, Japan, we explored the relationships between drivers' fuel consumption efficiencies, and factors including drivers' characteristics, car attributes, date-specific environmental attributes, and travel behavior. Furthermore, a multi-level model was applied to explicitly incorporate the effects of individual-specific, date-specific, and observation-specific unobserved factors. According to the estimation results, it was found that, on working days, model fit was significantly enhanced by incorporating all three error terms. Several findings regarding the relationships between observed factors and drivers' fuel consumption efficiencies were also obtained.
Introduction
With the increased concern of energy consumption and urban air pollution due to private vehicles, there is a need for models of vehicle fuel consumption. Vehicle fuel consumption and carbon emissions have a significant linear relationship. In previous studies, physical and empirical methods were usually considered in modeling fuel consumption and emission. It was found that, vehicle fuel consumption and emission rates were usually associated with cruise speed, drivers' acceleration aggressiveness, road grade [1] [2] [3] [4] , traffic control strategies [5] , and characteristics of a vehicle, e.g., weight [6] [7] [8] .
In these studies, the fuel consumptions and emissions were estimated for a given driving task, while the fuel consumptions were assumed to be only related to the driving environment and driving behavior. Then, the following problem was, for an individual traveler, how to determine his/her daily driving tasks. The activity-based models provided a promising solution to this problem. The combination of an activity-based model [9] and a fuel consumption model can be found in previous studies [10] . This kind of simulation-based model can provide detailed analysis about fuel consumption and carbon emissions. However, to develop an activity-based model, abundant data resources are required. Therefore, it is often not feasible in practice.
In this paper, we discuss this problem from a more macroscopic perspective. Since drivers' driving behavior and travel behavior are both related to the characteristics of drivers, road environments, and vehicles, we tried directly exploring the relationships between these characteristics and drivers' daily fuel consumptions. The data used in study are the long-term Controller Area Network (CAN) data collected from private vehicles in Toyota City, as well as the data about drivers and their cars' characteristics. Utilizing these data, the main contributions of this study are as follows:
(1) The presentation of an analysis on factors that affect drivers' daily vehicle consumption efficiencies; (2) The proposition of a multi-level model to incorporate the random effects of unobserved factors which are individual-specific, date-specific, and observation-specific.
To describe the relationships between the attribute variables and drivers' daily fuel consumptions, the most direct way is to develop a linear regression model. However, the ordinary linear regression model cannot reflect multi-level unobserved factors. In this study, the data were collected from multiple drivers on multiple days. The observations are correlated because they share the same driver or the same date.
To consider the complicated correlations corresponding to the multi-level heterogeneities, a multi-level linear regression model is proposed in this study [11] . The multi-level linear regression model received increasing popularity recently in different fields [12, 13] with the increasing richness of data resources, such as in the field of transportation [14] [15] [16] [17] .
However, because of the lack of data, few studies were found to apply models that are more than two levels in transportation research. In this study, since observations were cross-nested in individuals and dates, a three-level model was applied and estimated. Model performances and behavioral findings are discussed based on the estimation results.
Therefore, this paper contributes to the literature by providing an empirical study on daily vehicle fuel consumptions considering multi-level random terms, utilizing long-term CAN data. This paper is organized as follows: Section 2 describes the CAN data used in the study and provides some descriptive statistics and basic tests. Detailed model specifications are described in Section 3. Section 4 shows the estimation results of proposed models, and presents some analyses based on the estimation results. Conclusions and directions for future research are given in the final section.
Data and Descriptive Statistics

Data Description
The data used in this study are the CAN (Controller Area Network) data collected from private vehicles. In this study, the data were collected from private vehicles in Toyota City, Japan in 2011 as a part of a green mobility-related project. Unlike some other Japanese cities (such as Tokyo), which are heavily dependent on public transportation systems, Toyota is a city on wheels. More than 200 drivers participated in this survey. On-board equipment was installed in their private cars to record the CAN data, including driving operations and real-time fuel consumptions, as well as global positioning system (GPS) trajectory data. The data were uploaded to the internet by the participants every week. The data were collected over a period of about 10 months (March 2011 to December 2011). It should be noted that not all participants took part in the survey for this whole period. After some basic data cleaning work, data collected from 153 drivers remained for use in this study. Table 1 gives a basic description of driver and vehicle characteristics.
Although this dataset was collected about seven years ago, the development level of society and economics in Japan was stable in recent years, and there was no significant change in engine technology from 2011 until now. On the other hand, it is very difficult and expensive to collect private vehicle usage data over such a long period because of privacy issues. Therefore, the dataset used in this study is still valid and valuable.
The road network and distributions of trip destinations (distributions of trip origins are very similar to those of destinations) are shown in Figure 1 . The study area was the urban area of Toyota city, which has a dense road network. As shown in Figure 1, 
Figure 1
The study network and distributions of trip destinations.
In this study, as a measurement of efficiency, fuel consumption was defined as the daily average fuel consumption for a unit of driving mileage, expressed in liter per hundred kilometers (L/100 km), which can be calculated directly based on the CAN data. For each driver, multi-observations were obtained across days, while, for each day, multi-observations were obtained across drivers. Figures  2a,b show the distributions of daily fuel efficiencies averaged across drivers and days, respectively. It can be found that drivers' fuel efficiencies varied across days and individuals. This implies that In this study, as a measurement of efficiency, fuel consumption was defined as the daily average fuel consumption for a unit of driving mileage, expressed in liter per hundred kilometers (L/100 km), which can be calculated directly based on the CAN data. For each driver, multi-observations were obtained across days, while, for each day, multi-observations were obtained across drivers. Figure 2a ,b show the distributions of daily fuel efficiencies averaged across drivers and days, respectively. It can be found that drivers' fuel efficiencies varied across days and individuals. This implies that individual-and date-specific factors may affect drivers' fuel consumption efficiency. 
Inter-Individual and Time Variation
The variations in drivers' fuel consumption were explored. At first, the coefficients of variation for each day were computed across drivers. For each day, means and standard deviations of drivers' fuel efficiencies were estimated, where the coefficients of variation (CV) were the ratios of the standard deviations to the means. The distribution is shown in Figure 3a . It can be found that the inter-individual variations of drivers' daily fuel efficiencies were significant. The mean of coefficients of variation was 0.4. This indicates that it was necessary to incorporate individual-specific factors in the modeling of daily fuel consumption. 
The variations in drivers' fuel consumption were explored. At first, the coefficients of variation for each day were computed across drivers. For each day, means and standard deviations of drivers' fuel efficiencies were estimated, where the coefficients of variation (CV) were the ratios of the standard deviations to the means. The distribution is shown in Figure 3a . It can be found that the inter-individual variations of drivers' daily fuel efficiencies were significant. The mean of coefficients of variation was 0.4. This indicates that it was necessary to incorporate individual-specific factors in the modeling of daily fuel consumption.
Similarly, the time variations of drivers' fuel efficiencies were also explored. For each driver, means and standard deviations of drivers' fuel efficiencies on different dates were estimated. The distribution of ratios of the standard deviations to the means is shown in Figure 3b . The mean of coefficients of variation was 0.3. This indicates that the time variations of drivers' daily fuel efficiencies were significant, and it was necessary to incorporate date-specific factors in the modeling of daily fuel consumption. Similarly, the time variations of drivers' fuel efficiencies were also explored. For each driver, means and standard deviations of drivers' fuel efficiencies on different dates were estimated. The distribution of ratios of the standard deviations to the means is shown in Figure 3b . The mean of coefficients of variation was 0.3. This indicates that the time variations of drivers' daily fuel efficiencies were significant, and it was necessary to incorporate date-specific factors in the modeling of daily fuel consumption. 
Working Days and Holidays
It was presumed that drivers' fuel efficiencies on holidays were different from those on working days. Figure 4 shows the distribution of the ratios of mean fuel efficiencies across holidays and working days. It can be found that half of the drivers had lower fuel efficiencies on holidays, while the other half had higher fuel efficiencies on working days. This indicates that the effects of working days and holidays on fuel consumptions are heterogeneous for different drivers. It also further 
It was presumed that drivers' fuel efficiencies on holidays were different from those on working days. Figure 4 shows the distribution of the ratios of mean fuel efficiencies across holidays and working days. It can be found that half of the drivers had lower fuel efficiencies on holidays, while the other half had higher fuel efficiencies on working days. This indicates that the effects of working days and holidays on fuel consumptions are heterogeneous for different drivers. It also further implies that drivers' fuel consumptions on working days and holidays should be modeled separately. In Section 4, this implication is quantitatively tested.
Since, for each driver, we had hundreds of observations on different days, it was possible to test the differences between fuel efficiencies on working days and holidays for each driver. From the t-tests, the differences of 95 drivers were significant. This indicates that it was necessary to consider these differences when modeling drivers' daily fuel efficiencies. implies that drivers' fuel consumptions on working days and holidays should be modeled separately. In Section 4, this implication is quantitatively tested. Since, for each driver, we had hundreds of observations on different days, it was possible to test the differences between fuel efficiencies on working days and holidays for each driver. From the ttests, the differences of 95 drivers were significant. This indicates that it was necessary to consider these differences when modeling drivers' daily fuel efficiencies. 
Fuel Consumption and Weather
The effects of weather on drivers' fuel efficiencies were also explored. The weather data were from the Japan Meteorological Agency, including temperature and rainfall. Figure 5a shows the distribution of the ratios of mean fuel efficiencies across rainy and fine days. Fine days refer to days without precipitation. From the t-tests, the differences of 142 drivers were significant. This indicates that it was necessary to consider these differences when modeling drivers' daily fuel consumptions.
In this study, the days with temperatures lower than 10 °C were defined as cold days, and the days with temperatures higher than 25 °C were defined as hot days. The other days were defined as comfortable days. Figures 5b,c show the effects of cold temperature and high temperature, respectively. Based on the t-tests, 121 and 123 drivers on cold days and hot days, respectively, had fuel consumptions significantly different from those on comfortable days. 
In this study, the days with temperatures lower than 10 • C were defined as cold days, and the days with temperatures higher than 25 • C were defined as hot days. The other days were defined as comfortable days. Figure 5b ,c show the effects of cold temperature and high temperature, respectively. Based on the t-tests, 121 and 123 drivers on cold days and hot days, respectively, had fuel consumptions significantly different from those on comfortable days. 
Incorporating Both Observed and Unobserved Multi-Level Factors
As shown in last section, the data used in this study can be categorized as hierarchical data. The observations were correlated because there was some tie to same unit: the same driver or the same date. For each driver, there were multi-observations from different days which shared some individual-specific attributes, such as drivers' driving styles. For each day, there were multi-observations for different drivers which shared some date-specific attributes, such as the weather conditions. In addition to the individual-and date-specific attributes, there were some observation-specific attributes that affected drivers' daily fuel consumption, such as drivers' daily schedules.
Therefore, the factors discussed here can be divided to three parts: individual-specific, date-specific, and observation-specific. At first, we considered the following ordinary linear regression model as a solution for this problem:
where Fuel ij is the fuel consumption of driver i for day j; X i is the observed individual-specific attributes for driver i; Y j is the observed date-specific attributes for day j; Z ij is the observed observation-specific attributes for driver i on day j; ε ij is the independent and identically distributed (i.i.d.) Gaussian distributed error term for each observation; β 0 is the constant term, while β 1∼3 are parameters to be estimated. In Model 1, X i , Y j , and Z ij represent observed heterogeneity, while ε ij can be interpreted as unobserved heterogeneity. The problem of Model 1 is that it cannot consider the correlations of unobserved heterogeneity. Since drivers' daily fuel consumption is affected by many factors and the available data are limited, it is a general situation that, in addition to attributes in X i , Y j and Z ij , there are other unobserved attributes that can significantly affects drivers' daily fuel consumption. These unobserved attributes cause random effects crossing observations, which can also be categorized into three parts: individual-specific, date-specific, and observation-specific. In Model 1, since ε ij terms are i.i.d. error terms, they can only incorporate the observation-specific unobserved heterogeneity. For the observations sharing the same driver or date, the correlations of error terms cannot be incorporated.
To incorporate unobserved individual-specific and date-specific factors, the following three multi-level models are proposed:
where u i and v j are Gaussian distributed random errors that represent individual-and date-specific unobserved heterogeneity, respectively.
The key points of the multi-level models were considered using the correlations of multiple observations by introducing some error terms that were shared by these observations. Model 2 was a two-level model that considered random effects caused by both individual-specific and observation-specific factors, while Model 3 was another two-level model that considered both date-specific and observation-specific factors. Model 4, which was the combination of Model 2 and Model 3, was a three-level model that explicitly incorporated all three parts of the random effects.
It should be noted that, in Model 4, u i and v j were cross-nested, which means that, different drivers shared the same v j on the same day, while the same driver on different dates shared the same u i .
Estimation and Analysis
All four models could be estimated by the simulated maximum-likelihood method. Because the estimation modules for multi-level models are already available in many statistical tools, such as Stata and R, the technical details of estimation are not be described in this paper.
The four models were estimated based on the whole data, data on working days, and data on holidays. The explanatory variables are described in Table 2 . All the driver-and vehicle-specific variables which were available in this study were considered. The dummy variable "Hybrid" was included to consider the differences between hybrid vehicles and traditional vehicles. The estimation results are shown in Tables 3-5.  In Table 3 , all the models were estimated with observations on all days. To consider the differences between holidays and working days, a dummy variable "Work_Holi" was incorporated. Since the observations were abundant enough, we also estimated the models with observations on working days and holidays. The estimation results are shown in Tables 4 and 5, respectively. At first, according to the likelihood-ratio test based on the finallog-likelihoods (LLs) shown in Tables 3-5 , it can be found that, for all models, it was better to estimate parameters for holidays and working days separately. The parameters of Work_Holi in Table 3 were all negative and significant at the 0.001 level, which indicates that fuel consumption on holidays was significantly less than that on working days. This finding is reasonable. The possible explanation is that, on working days, most trips are commuting trips, which are made in peak hours, while trips on holidays are more dispersive. The possible congestion in peak hours will cause higher fuel consumption on working days. Minimize(10, temperature); unit:
Maximize(Minimize(15, temperature-10), 0); unit:
Maximize(0, temperature-25); unit: • C Observation-specific Dri_Time The total driving time for each driver on each day Arr_Time
The arrival time of the last trip for each driver on each day Dep_Time
The departure time of the first trip for each driver on each day Then, our attentions turned to the final LLs in Tables 4 and 5 . In this study, to consider the multi-level random effects, three error terms were incorporated in Model 4. According to the likelihood-ratio tests based on the final LLs, the model fit on working days was significantly enhanced by incorporating all three error terms, compared with all other models. However, on holidays, Model 4 did not significantly fit the data better than Model 2, which did not consider the date-specific unobserved factors. These findings indicate that, for working days, it was necessary to consider all three levels of unobserved factors, which could not be well described by the observed explanatory variables, while, on holidays, the date-specific factor was already well described by the observed date-specific explanatory variables; thus, it was not necessary to incorporate the date-specific error term. The final LLs of Model 2 for both working days and holidays were significantly higher than those of Model 1. This indicates that the individual-specific explanatory variables in this study could not well described drivers' individual-specific characteristics that affect their fuel consumption; therefore, an individual-specific error term had to be incorporated.
The findings above could also be confirmed with the p-values of estimated parameters. With Model 4, the estimates of Std(v j ) were significantly different from 0 on both working days and holidays, while Std(v j ) was not significant on holidays. Comparing results of Model 1 and 2, it was interesting to find that, in Model 1, the estimates of all parameters were significant; however, when the unobserved individual-specific error term was incorporated, the estimates of parameters on some individual-specific explanatory variables became not significant. Since p-values are an important basis of behavior analysis, this implies that, if the multi-level random effects are not explicitly incorporated, in addition to a decrease in model performance, it is also possible to get some wrong behavioral findings.
At last, we analyzed the estimates of parameters. Since Model 4 had the best model fit, our findings were based the estimation results of Model 4. Considering the individual-specific characteristics, according to the signs of parameters Disp and Capacity, it can be found that drivers with higher-displacement and low-capacity vehicles consumed more fuel per unit driving distance. Considering the date-specific characteristics, the positive sign of the Rain parameter indicates that fuel consumption on rainy days was higher than that on fine days. The shape of the piecewise definition of temperature with estimated parameters indicates that, on cold days, fuel consumption increased with the decrease in temperature, while, on hot days, fuel consumption increased with the increase in temperature. A possible explanation is the usage of air conditioners on hot days and cold days. Regarding the observation-specific characteristics, it can be found that, when drivers departed home later and arrived home earlier, driving for a longer time, their fuel consumption was higher, according to the signs of parameters Dep_Time, Arr_Time, and Dri_Time. 
Conclusions
This study explored drivers' daily fuel consumption efficiency and related factors, based on the long-term CAN (Controller Area Network) data collected by private vehicles in Toyota, Japan. The daily fuel consumption was defined as the daily average fuel consumption for a unit of driving mileage, expressed in liter per hundred kilometers (L/100 km), an index measure of drivers' fuel efficiencies. Based on the descriptive statistics and statistical tests, multi-level heterogeneities were preliminarily proven to be significant.
Then, models were proposed to consider the multi-level random effects simultaneously: individual-specific, date-specific, and observation-specific. To explore these multi-level observed heterogeneities, explanatory variables which described drivers' characteristics, attributes of each date, and characteristics related to specific observations were incorporated in developed models. In addition to the observed factors, there were still some factors that could not be described by the explanatory variables, which would cause random effects. The random effects were incorporated by the multi-level specifications of error terms in the developed models.
Four models with different specifications of error terms were estimated based on the hierarchical panel data and compared with each other. From the estimation results, we found it necessary to develop models for holidays and working days separately. Fuel consumption on holidays was significantly lower than that on working days.
It was also found that it was not always necessary to consider all three levels of random effects. In this study, on working days, model fit was significantly enhanced by incorporating all three error terms, compared with all other models, while the date-specific random effects were found to be not significant.
Several behavioral findings were also obtained based on the estimation results. Drivers with higher-displacement and low-capacity vehicles consumed more fuel per unit driving distance. Fuel consumption on rainy days was higher than that on fine days. On cold days, fuel consumption increased with the decrease in temperature, while fuel consumption increased with the increase in temperature on hot days. When drivers departed home later and arrived home earlier, driving for a longer time, their fuel consumption was higher.
In this study, drivers' driving behavior was not considered. In future research, we can analyze drivers' driving patterns using the CAN data and combine it with fuel consumption analysis. Fuel consumption is only one measure of drivers' car usage. In the future, we can develop models with multi-outputs to consider the correlations between different car usage measures, such as travel time and mileage.
